Nowadays, traffic jams in urban areas have become a problem that keeps growing every year since the number of vehicles in our cities is continuously increasing. One of the most common causes producing traffic jams are vehicle accidents. Moreover, the arrival time of the emergency services could be raised due to traffic congestion. Intelligent Transportation Systems (ITS) have a key role in order to reduce or mitigate this problem. In this paper, we propose four different approaches addressing the traffic congestion problem, comparing them to obtain the best solution. Using V2I communications, we are able to accurately estimate the traffic density in a certain area, which represents a key parameter to perform efficient traffic redirection, thereby reducing the emergency services arrival time, and avoiding traffic jams when an accident occurs. Specifically, we propose two approaches based on the Dijkstra algorithm, and two approaches based on Evolution Strategies. Notice that, when an accident occurs, time is a critical issue, and the strategies here proposed contribute to find the optimal solution within a short time period.
Introduction
Traffic accidents represent a big problem for drivers and a serious burden for the economy of all the countries. A close look at traffic accidents shows that many of the casualties and serious medical conditions take place during the time elapsed between the accident occurrence and the arrival of the medical assistance. The so called 'Golden Hour' after a car crash is the time within which medical or surgical intervention by a specialized trauma team has the greatest chance of saving lives. If more than 60 minutes have elapsed by the time the injured arrives to the operating table, the chances of survival fall sharply. Typical arrival of medical help takes about 15 minutes, but initial access and treatment starts 25 minutes after the accident. Transportation of the injured to the hospital usually takes place 50 minutes later. Therefore, time is critical for the survival of the injured in a severe crash incident, and any technology capable of providing a fast and efficient rescue operation after a traffic accident takes place will increase the probability of survival of the injured, and reduce the injury severity.
Additionally, urban traffic congestion affects most cities around the world.
This scenario is getting even worse since the number of vehicles circulating in our cities grows every year. Vehicle accidents are one of the most common causes generating traffic jams in urban scenarios, which yield a higher cost of fuel, increasing air pollution.
Intelligent Transportation Systems (ITS) are among those newly introduced technologies that promise a cure-all remedy to the ever increasing traffic congestion problem (Jawad and Ozbay, 2005) . In the near future, ITS will help the city traffic to be safer and more comfortable, redistributing traffic to avoid traffic jams (Ma et al., 2012) , communicating real-time information when an accident occurs (Barrachina et al., 2012b) , and using intelligent systems for parking search (Lu et al., 2009 ).
Cooperative vehicle systems have become an increasingly popular transportation paradigm in recent years. Wireless technologies, through vehicular networks, enable peer-to-peer mobile communications among vehicles (V2V), as well as communications between vehicles and infrastructures (V2I). Using these technologies, crashed vehicles are able to notify the emergency services about the occurrence of an accident. In addition, emergency services can dynamically redistribute traffic by communicating or suggesting new routes to vehicles.
These routes can be calculated using different methods such as Dijkstra-based algorithms, genetic algorithms, or evolution strategies.
Evolutionary Algorithms imitate the principles of natural evolution as a method to solve parameter optimization problems. They have been successfully used to solve various types of optimization problems (Greenwood et al., 1995) , since they provide an optimal solution without checking all the possible solutions, reducing the execution time drastically. Evolution Strategies are a kind of Evolutionary Algorithm with the particularity that the mutation steps are included in the chromosome. This kind of Evolutionary Algorithms obtains very good results in numerical optimization problems, especially when working on continuous variables.
There are several works where intelligent systems are used to avoid traffic jams (e.g., Ohara et al. (2006) , Sanchez-Medina et al. (2010) , and Dezani et al. (2012) ). However, they do not focus on reducing the rescue time of the emergency services, or exploiting the advantages of using vehicular communication capabilities. Additionally, in all these works, authors only consider a specific scenario for simulations to assess their proposal, which might lead to unrepresentative results and wrong conclusions.
In this paper, we propose four different approaches to minimize the emergency services arrival time when an accident occurs in urban scenarios, also trying to avoid traffic jams scenarios. In particular, two of them are based on the Dijkstra algorithm, and the other two are based on Evolution Strategies.
Additionally, we evaluated the four proposed solutions in three different scenarios with different topologies to determine the best solution in terms of travel times of the emergency services and the rest of vehicles. This paper is organized as follows: In Section 2 we present our four different 
re-routing systems (i.e., Dijkstra, Density-Based Dijkstra, Evolution Strategy, and Density-Based Evolution Strategy). Section 3 introduces the simulation environment used to assess our proposed schemes. Section 4 shows the obtained results, and Section 5 reviews the related work regarding intelligent systems used to avoid traffic jams and minimize vehicle travel times. Finally, Section 6 concludes this paper.
Our Proposed Vehicle Routing Systems
In this Section, we propose four different vehicle routing approaches with the aim of ensuring that emergency services arrive at the place of the accident as soon as possible, whereas the rest of vehicles are not significantly affected, i.e., their travel times do not increase considerably, avoiding the possible traffic jams caused by the accident. Specifically, they are: (i) Dijkstra, (ii) Density-Based Dijkstra, (iii) Evolution Strategy, and (iv) Density-Based Evolution Strategy. Table 1 presents the main features of these proposed approaches. As shown, the first two proposed approaches are simple and deterministic. The first one accounts for the number of lanes of each street to find the solution, and the second system additionally takes into account the traffic density. The other two proposed approaches are implemented using evolution strategies, and additionally, our last mechanism uses a real-time traffic density estimation to get better solutions. 
Dijkstra
This system aims at obtaining the shortest route between two map positions by using the Dijkstra algorithm (Dijkstra, 1959) , specifically adapted to roads and streets, and taking into account the length and priority of the streets. The priority of each street indicates the preference it has with respect to the others for a vehicle when it arrives to an intersection.
In this system, the street priority is calculated by using the number of lanes per street, assigning higher priority to the widest streets (i.e., with higher number of lanes). The main disadvantage of this system is noticeable when there is a high number of vehicles in a specific area, since it might produce traffic jams even in the widest streets. Figure 1 shows an example of this situation.
As shown, vehicles arrive to the junction through street A. Using this system and considering the priorities shown in the figure (1.0 for street B and 9.0 for street C ), the majority of vehicles continue their route through street C (90% of vehicles since this street has a greater number of lanes), collapsing it. However, street B has less traffic density, with a more fluid traffic.
This proposed system uses a static model for street priorities, where a prior-ity is given to each street, and priorities do not change under any circumstance.
This issue could generate two kind of problems when an accident occurs: (i)
there could be traffic jams in specific areas of the scenario, whereas other areas present very low traffic, and (ii) the streets selected as routes for the emergency services do not present low priority for the rest of vehicles in order to reduce the number of potential vehicles blocking the streets.
The main advantage of this system is the low computational cost since it does not need to know the current traffic density or the emergency service routes; in addition, when an accident occurs, this approach can be applied immediately.
Density-Based Dijkstra
This proposed system is similar to the previous one, with the difference that, in this case, we take into account the traffic density in the area when the street priorities are assigned. To develop this method, those streets leading vehicles to high traffic density areas, are penalized. When an accident occurs, all the vehicles involved send a warning message using Vehicular Networks Communications. When control systems are notified, they apply the vehicular density estimation approach presented in Section 3. In addition, the streets through which emergency services circulate to arrive at the accident site are penalized for the rest of vehicles. Specifically, in this proposed system, we proceed as follows:
• Step 1 : we prioritize streets by normalizing the values (see Equation 1 ).
As shown, the normalized values start in 1 and end in 10 (N min and N max , respectively).
where :
(1)
•
Step 2 : the normalized value for the rest of the areas (N x ) is calculated by using a proportion between the minimum and the maximum traffic density percentages, and the traffic density of the area which we want to calculate the normalized value (P min , P max , and P x , respectively).
•
Step 3 : with the aim of penalizing streets with a high traffic density, we apply Equation 2. In this Equation, we obtain the inverse value calculated above (S x ), since a higher priority value has more priority, and we multiply this value by the number of lanes of the street (L x ).
Step 4 : with the aim of calculating the fastest route for the emergency services vehicle, this approach applies a simple Dijkstra algorithm for each one, calculating the shortest route between two map positions (accident site and hospital, police station, firehouse, etc.), regardless of traffic density. Note that, in this case, we do not take into account the street priorities since emergency vehicles always have more priority than the rest of vehicles, regardless of the street they are circulating in.
Step 5 : as shown in Equation 3, we penalize these streets through which emergency services circulate (S xe ) by giving them a priority corresponding to the number of lanes (e.g., a street with four lanes has a priority of 4).
Step 6 : we calculate the new vehicle routes using a Dijkstra-Based algorithm taking into account the streets priorities, since the shortest path could not be the fastest path.
Equation 4 shows an example of street priorities calculation. As shown, we have three different areas which contain the following percentage of traffic vehicles: P min = 20%, P max = 50%, and P x = 30% of the total of vehicles. Also, we have three streets located in the aforementioned areas with these numbers of lanes (L min = 3, L max = 2, and L x = 1). Since we have the maximum and minimum normalized values (N min and N max ), we calculate the other street normalized value (N x ) by using Equation 1. Finally, we obtain the street priorities (S min , S max , and S x ) by using Equation 2, thereby obtaining street priorities of 30, 2, and 7, respectively.
P min = 20, P max = 50, P x = 30
This system requires from the estimated traffic density. In Section 3 we present a system which needs to receive beacons during 30 seconds to estimate the traffic density. To reduce this 30 seconds period, control units could continuously execute the aforementioned estimation system in order to know immediately the traffic density estimation, assuming an error of non-real-time estimation with a maximum threshold of 30 seconds. Using this approximation, our system would only require calculating the emergency services routes.
Evolution Strategy
Evolutionary algorithms are based on Darwinian theories of evolution to explain the origin of species (Eiben and Smith, 2003) . Natural selection favors Evolution strategies are a variant of evolutionary algorithms with the following features:
• They are typically used for conditions parameter optimization.
• There is a strong emphasis on mutation for creating offspring.
• Mutation is implemented by adding some random noise drawn from a Gaussian distribution.
• Mutation parameters are changed during a run of the algorithm, achieving faster results. Due to the high computational cost of calculating all possible combinations of street priorities to find the optimal solution, we consider interesting to apply an Evolution Strategy. Evolution Strategies are typically used to solve optimization problems of continuous variables. As in the previous proposed approaches, this scheme applies the Dijkstra algorithm for each emergency vehicle in order to calculate the emergency services routes. In this case we do not take traffic density into account, but we penalize the streets selected for the emergency services vehicles. Then, we calculate new routes for vehicles using a priority-based Dijkstra algorithm (with the same aims of the previously proposed system).
In the following Subsections we present the main characteristics of our Evolution Strategy (i.e., definition of variables, fitness function, mutation, recombination, parents selection, and survivors selection).
Definition of Variables
An individual, i.e., a potential solution of our system, encodes a possible solution into a chromosome based structure (genotype) (Mester and Bräysy, 2005) . In this case, a vector of float point numbers which contains the priority value of each street (as shown in Figure 2 ) is considered. Street priorities are randomly selected in the vectors of the initial population for each street for the first time.
Fitness Function
Selection is a process in which solutions are selected for recombination based on their fitness values. Here, fitness refers to a measure of profit, utility, or goodness to be maximized while exploring the solution space. Our system has three (see Equation 7). Although the latter should not perform well, since our main goal is to reduce the time required by the emergency vehicles to reach the accident location, we consider interesting to evaluate it to assess whether the system is able to significantly reduce the travel time of the rest of vehicles, while slightly increasing the the emergency services' arrival time. Next, we compare these functions to determine which one provides better results when simulating the testbed.
Mutation
In an Evolution Strategy there is a strong emphasis on the mutation to create the offspring. Additionally, mutation is implemented by adding a random 'noise' obtained from a Gaussian distribution. Mutation parameters change during the execution of the algorithm. In our proposal, we use an Uncorrelated Mutation with n Step Sizes. The mutation mechanism applies the functions included in
, where σ is the mutation step size, τ is the scale parameter for the mutation step sizes, and n is the number of individuals. 
Using this kind of mutation, our genotype contains values x (street priority) and values σ (mutation step sizes), as shown in Figure 3 .
To avoid too small standard deviations providing a negligible effect, we limit the value of the step sizes using a threshold (ε 0 ), i.e., σ
Recombination
The basic recombination scheme in Evolution Strategies requires two parents to create a child. For λ descendants, the recombination process is performed λ times. There are two variants of recombination depending on how parental alleles are recombined:
• Discrete Recombination: one of the alleles of the parents is chosen with equal probability for both parents.
• Intermediate Recombination: the parental allele values are averaged. Furthermore, two parents can be used, randomly obtained from the population of µ individuals, for each component (i ∈ {1...n}) of the offspring. This is known as Global recombination, and the variant in which only two parents are selected for the total of components is called Local recombination.
In our proposed system, we apply Local Discrete Recombination, since this method is one of the most widely used in this kind of algorithms, and it provides a good performance in most cases. As shown in Figure 4 , each child allele is chosen with equal probability for both parents.
Parents Selection
The parents selection in Evolution Strategies does not depend on their fitness values. Parents are chosen randomly by using a uniform distribution from the population of µ individuals.
Survivors Selection
The Survivors Selection consists on deterministically choosing the µ best individuals, after creating λ descendants and calculating their fitness. There are two kinds of Survivor Selection:
• Selection (µ, λ): only the individuals of the offspring are considered to generate the next generation.
• Selection (µ + λ): survivors are selected from the union of parents and descendants.
Our proposed scheme uses Selection (µ + λ), since using Selection (µ, λ) descendants could produce worse results, delaying the achievement of the best solution.
Density-Based Evolution Strategy
With the aim of reducing the system runtime, we propose an Evolution
Strategy with the same characteristics as the Evolution Strategy System (presented in the previous Subsection), but in this case we do not obtain the initial population randomly. We consider that by using the traffic density information, our system will be able to reduce the time required to find the optimal solution (by reducing the number of generations). Specifically, this approach combines both the Density-Based Dijkstra and the Evolution Strategy schemes.
Instead of getting the initial population randomly, we start the procedure by taking into account two different genotypes: (i) a genotype which contains street priorities based on the number of lanes, and (ii) a genotype which contains street priorities based on traffic density. The rest of individuals of the initial population are obtained by recombining these two genotypes. Street priorities based on the number of lanes are obtained by squaring the number of lanes of each street, and the street priorities based on traffic density and emergency vehicles routes are obtained by using the method proposed in the Density-Based Dijkstra approach. Then, we make a first recombination with them, selecting the n best descendants in order to generate a first offspring, so approaching to the best solution. This improvement will make the system reach the optimal solution in less time than using a random initial population. Figure 5 shows an example of the objective of this solution. As shown, initializing the population accounting for the traffic density and the number of lanes could make it possible to obtain better solutions with a lower number of offsprings, thereby reducing the system runtime. As shown, while the nondensity-based system would have created x ndb generations to obtain the y db fitness value, our density-based proposed system would obtain this value in its first generation. The initial executions would be avoided and, therefore, this approach would save crucial time.
Simulation Environment
Traffic simulation is known to be a very complex issue. One of the main reasons is due to the fact that traffic simulators must model the discrete dynamics that arise from the interaction among individual vehicles (Benjaafar et al., 1997 (Krajzewicz and Rossel, 2007) .
The SUMO mobility generator supports several mobility models, such as (Krauss et al., 1997) . In addition, SUMO allows customizing a wide variety of parameters including the initial and final position of the vehicles, the type of vehicles, the maximum speed of each street, or the street's priority. Table 2 shows the SUMO street attributes that we use in our system. Moreover, each SUMO lane has an attribute indicating the street to which it belongs. This allows us to obtain the number of lanes at every street.
We use the attributes from and to in order to determine the heading of the street, the attribute id to link lanes with streets, and the attribute priority to implement our proposed schemes.
To increase the level of realism of our simulations, we use real scenarios consisting of downtown areas from the cities of Rome (Italy), San Francisco (USA), and New York (USA) imported directly from OpenStreetMap (OpenStreetMap, 2012). OpenStreetMap is a project which aims at creating and providing free geographic data, such as street and road maps. According the SJ Ratio (i.e., a variable calculated from dividing the number of the streets and the number of junctions), these cities are examples of the roadmaps with the highest SJ Ratio, an intermediate SJ Ratio, and the lowest SJ Ratio, respectively (see Figure 6 ).
So, we assess our proposal under different and representative roadmap profiles.
All simulation results consist of an average of over 100 runs with different scenarios, densities and fitness functions. Each simulation consist on vehicles circulating during 600 seconds. We simulate a car accident taking place at 60 seconds. We use the first 60 seconds as a warm up period to achieve a stable target location. Then, we apply our proposed approaches to calculate the new vehicle routes, and to perform a comparison analysis. Additionally, we consider a non-static start and end position for the emergence vehicle, since an ambulance does not have to be always at the same place and the accident can occur in any location. Table 3 shows the parameters used for the simulations. Table 4 shows the main features of each map for the cities under study.
Specifically, we obtained the number of streets, the number of junctions, the average distance of segments, and the number of lanes per street. We also added a column labeled as SJ Ratio, which represents the result of dividing the number of streets between the number of junctions, thereby indicating the roadmap complexity. As shown, the first city (New York) presents an SJ ratio of 0.5130, which indicates that it has a simple topology, whereas the last cities in the table present a greater SJ value, which indicates a more complex topology.
In order to obtain the real-time traffic density to provide this information to the system, we apply the Density Estimation Function presented in (Barrachina et al., 2013) . The proposed function (see Equation 9 and the coefficients showed in Table 5 ) needs the number of beacons received by each RSU (parameter x), and the SJ Ratio (parameter y) to accurately estimate the vehicle density of a given area.
Simulation Results
In this Section we present the simulation results of our four proposed approaches. First, we show the results obtained using the Evolution Strategy System. Our goal is to study the number of required generations to obtain the function convergence values. Then, we compare the Dijkstra, the Density-Based Dijkstra, and the Evolution Strategy Systems, demonstrating that by applying an evolution strategy we are able to obtain better results. Later, we present a comparison between the Evolution Strategy and Density-Based Evolution Strategy Systems, with the aim of proving that adding traffic density information allows the evolution strategy to obtain better results using a smaller number of generations. Finally, we study the impact of reducing the population size and the number of descendants on the obtained results; our goal is to reduce the system runtime, while reducing the needed time for emergency services to arrive.
Evolution Strategy
In this Subsection, we show the obtained results using our proposed Evolution Strategy and we analyze the number of generations required to obtain the function convergence value. Table 6 shows the parameters used for the Evolu- the other two fitness functions. Since the main goal of our proposal is to reduce the emergency services arrival time as much as possible, we select Equation 5 as the best fitness function, which is able to minimize this time. In addition, as shown in Figure 7 , by using this configuration the system obtains the function convergence values in 10 generations or less.
Dijkstra, Density-Based Dijkstra, and Evolution Strategy Comparison
For the purpose of knowing which one is the best system, we analyze the results obtained with the configuration proposed in the previous Subsection (i.
e., 10 number of generations, and Equation 5 as the fitness function), since they were the best parameter values when using the Evolution Strategy. Table 7 shows the average travel times of the emergency vehicles and the rest of vehicles (in seconds), when varying the roadmap scenario, the vehicle density, and the traffic re-routing approach. As shown, when using the DensityBased Dijkstra system we improve in all scenarios compared with the application of pure Dijkstra. In particular, we reduce emergency services travel times by 16.84% on average (i. e., 19.33% in Rome, 22.67% in San Francisco, and 8.51%
in New York). Also, we reduce the rest of vehicles travel time by an average of 6.79% (i.e., 5.45% in Rome, 3.3% in San Francisco, and 11.61% in New York).
On the other hand, the Evolution Strategy significantly reduces the emergency services arrival time, although it increases the travel time for the rest of the vehicles. Specifically, this system reduces emergency services travel times by an average of 37.81% (40.36% in Rome, 45.2% in San Francisco, and 27.88%
in New York). However, it increases the travel time for the rest of the vehicles by 13.87% on average (10.53% in Rome, 21.55% in San Francisco, and 9.53%
in New York). Although this intelligent system increases the travel time for the rest of the vehicles (a maximum of 28.18%), it can significantly reduce the emergency services travel time (a minimum of 26.35%).
Comparison Between Evolution Strategy and Density-Based Evolution Strategy Systems
In this Subsection we compare our two proposed intelligent algorithms (i.e., Evolution Strategy and Density-Based Evolution Strategy). Simulations were performed using the parameters showed in Table 6 , but, in order to simplify the comparison, we only simulate our systems using Equation 5 as the fitness function. As shown in Figure 9 , the results obtained when applying the DensityBased Evolution Strategy system are better than when using the Evolution Strategy. Also, we can observe that the Density-Based approach allows obtaining smaller emergency services arrival times with fewer generations, since we consider traffic density when initializing the population.
In addition, we compare the Density-Based Evolution Strategy system results with those obtained when using the Dijkstra system. As shown in Table   8 , we reduce the emergency services travel times by 54.33% on average (53.58%
in Rome, 55.26% in San Francisco, and 51.16% in New York) . However, this system increases the rest of vehicles travel time by 11.49% on average (12.27%
in Rome, 10.85% in San Francisco, and 11.36% in New York) . Although this intelligent system increases the travel time for the rest of vehicles (a maximum of 14.39%), it can significantly reduce the emergency services arrival time (a minimum of 47.9%).
Since one of the most important goals of our approach is reducing the emergency services travel times, the Density-Based Evolution Strategy system is the best one among all the proposed solutions. Once again, we demonstrate that traffic density is a key factor in vehicular scenarios. 
Density-Based Evolution Strategy System Reducing Population and Number of Descendants
As stated above, the emergency services arrival time is a critical factor when an accident occurs. Simulations performed by using Evolution Strategies require a high computational cost, increasing its application time. Hence, reducing the necessary simulations would decrease the system action time which directly affects the time required by emergency services to arrive at the accident location.
For this reason, in this Subsection we assess our best proposed system's performance (i.e., the Density-Based Evolution Strategy) but reducing the population size and the number of descendants. Table 9 presents the parameters used in these simulations. As shown, we reduce the number of population individuals from 5 to 3, and the number of descendants from 10 to 5. Note that we only use the Density-Based Evolution Strategy system in conjunction with Equation
5
, since we obtained the best results using this configuration. Figure 10 shows the obtained results. As can be seen, when reducing the number of population individuals and descendants, the emergency services arrival time increases: 27.68% in Rome, 27.5% in San Francisco, and 34.21%
in New York. This occurs because we generate a smaller number of possible population individuals in each generation, thereby restricting the probability to achieve better individuals. 
Related Work
Evolutionary algorithms have been widely used in the field of dynamic traffic distribution. However, unlike our proposal, existing works do not focus on reducing the rescue time of the emergency services. In this section, we present some of the most relevant works related to our work. In all these previous works, authors validate their proposals just by considering a theoretical scenario. However, we consider that these simulations are not realistic, since real-world roads do not follow a general pattern, especially in urban scenarios.
Other authors proposed intelligent systems for traffic distribution using real scenarios to assess their proposal. Collins and Muntean (2008) presented a novel adaptive vehicle routing algorithm enabled by wireless vehicular networks. Their system was based on the client-server architecture, where clients are vehicles.
They used a genetic algorithm to select the best route for each vehicle, using a fitness function taking into account road congestion, vehicle travel time, and fuel consumption. Specifically, they used four different kinds of simulations:
(i) the shortest route is selected, but it does not vary during the travel, (ii) each vehicle drives towards its own destination according to the route management solution, but without adaptation during the travel, (iii) each vehicle drives towards its own destination according to the route management solution with dynamic adaptation during the travel, and, (iv) the hypothetical 'ideal' solution based on traffic saturation and able to dynamically re-route vehicles is selected.
However, the only scenario used in their simulations was a fragment of the city of Boston (USA). (ii) mean travel time, (iii) time of occupancy and state of occupancy, and (iv) global mean speed. Authors used a traffic model based on both Krauss (Krauss et al., 1997) , and Schadschneider and Chowdhury (Schadschneider et al., 1999) mobility models. However, they focused their simulations on a specific scenario, i.e., 'La Almozara' district in Zaragoza.
To the best of our knowledge, although there are several works where intelligent systems are used to avoid traffic jams, none of them neither is focused on reducing the arrival time of the emergency services to the accident location, nor uses a street priority scheme to calculate vehicles routes. Additionally, in all previous studies, authors only consider a specific scenario for simulations in order to assess their proposal. From our point of view, simulating only one specific scenario is inadequate when presenting a vehicle routing model (even in real scenarios since it can lead to nonrepresentative and inaccurate results). We consider that simulating different (and realistic) topologies is necessary, since the roadmap topology significantly affects the obtained results (Fogue et al., 2011) .
Conclusions
In this paper we propose four different approaches to reduce the emergency services arrival time when an accident occurs, trying to avoid traffic jams that could result from this particular situation. Specifically, we present two systems based on Evolution Strategies which obtain a sub-optimal solution in a reduced time. Moreover, we demonstrate that traffic density is a key factor to distribute traffic in an efficient manner.
Our proposals have been tested in three different scenarios with different topologies and traffic densities. Results show that the best solution is to combine an Evolution Strategy with the traffic density information collected at the time of the accident, which is used to initialize the population. The improvement obtained with this approach reduces the emergency services arrival time by a minimum of 47.9%, increasing the travel time of the rest of vehicles by just 14.39% in the worst case when compared to the rest of our proposed algorithms that obtain an improvement of 5.99% (Density-Based Dijkstra), and 26.35%
(Evolution Strategy), respectively.
